Liquid speciation is important for reliable process design and optimization of gas-liquid absorption process. Liquid-phase speciation methods are currently available, although they involve tedious and time-consuming laboratory work. Raman spectroscopy is well suited for in situ monitoring of aqueous chemical reactions. Here, we report on the development of a method for speciation of the CO 2 -NH 3 -H 2 O equilibrium using Raman spectroscopy and PLS-R modeling. The quantification methodology presented here offers a novel approach to provide rapid and reliable predictions of the carbon distribution of the CO 2 -NH 3 -H 2 O system, which may be used for process control and optimization. Validation of the reported speciation method which is based on independent, known, NH 3 -CO 2 -H 2 O solutions shows estimated prediction uncertainties for carbonate, bicarbonate, and carbamate of 6.45 mmol/kg H 2 O, 34.39 mmol/kg H 2 O, and 100.9 mmol/kg H 2 O, respectively.
Introduction
The rapid increase in the level of CO 2 in the earth's atmosphere is recognized as the single most important environmental challenge facing our global society [1] . All climate change mitigation plans rely on carbon dioxide capture and storage as a near-term "immediate response" technology [2] . Despite the various global CO 2 capture research and development initiatives, the well-established gas-liquid absorption process is expected to be the technology of choice for early, large-scale deployment [3] , with the chilled ammonia process (CAP) [4] being one of the currently demonstrated technologies.
Out of several postcombustion techniques available to capture CO 2 from coal power plants, amine solutions have been commonly tested and used. The disadvantages of amine technology are that it requires large amount of energy in the stripping process and has thermal and oxidative degradation and corrosion problems [5] . Ammonia technology is an alternative to overcome these drawbacks. This process requires less energy for stripping and the heat of reaction is much lower than amine process. There is less maintenance cost than amine process as there are no degradation or corrosion issues. CO 2 reacted ammonia can be used to produce fertilizer. The process of CO 2 capture by ammonia can be twofold depending on the temperature of CO 2 absorption. If the absorption is performed under 2-10 ∘ C, which is called the chilled ammonia process, there can be precipitations of ammonium carbonate compounds while if the absorption is increased to [25] [26] [27] [28] [29] [30] [31] [32] [33] [34] [35] [36] [37] [38] [39] [40] ∘ C, the precipitation problem is eliminated [6] .
If chemical speciation data could be generated concomitant with the determination of the physical and chemical solvent properties, the development and accuracy of the thermodynamic process model would be greatly facilitated. Improvement and optimization of commercial processes that target needed cost reductions require access to rigorous thermodynamic models that build on liquid-phase speciation data. Such data are currently acquired through tedious and time-consuming laboratory work. The standard 2 Journal of Chemistry wet chemistry titration to determine liquid phase is the most popular method. This method takes time and errors can be propagated during sampling, chemical preparation, weighing, and titration [7] . Various analytical techniques can be used to determine the species present in CO 2 reacted ammonia solution. 13 C nuclear magnetic resonance (NMR) spectroscopy has been used [8] to determine ionic species in a range of ammonia concentration from 0.69 to 8.95 mol/L and CO 2 loading (total CO 2 moles/initial solvent moles) concentrations from 0.33 to 0.72. Fourier transform infrared spectroscopy (FT-IR) and X-ray diffraction (XRD) were used to qualitatively distinguish ammonium bicarbonate from ammonium carbonate and ammonium carbamate, while CHN elemental analysis and near-infrared (NIR) spectroscopy were used to quantify ammonium bicarbonate based on multivariate regression methods as reported in [9] . Wen and Brooker [10] , Zhao et al. [11] , and Kim et al. [12] suggested methods to determine carbon species in CO 2 -NH 3 -H 2 O system based on factor analysis where they assumed that the corresponding Raman intensities were directly related to the concentrations of species.
This work reports on a method that combines Raman spectroscopy and partial least-squares regression (PLS-R) for in situ solvent speciation in the chilled ammonia process and which does not rely on calibration by an independent analysis method [13] , for example, NMR. It describes the development, validation, and application of the method for determination of the liquid phase composition of the NH 3 -CO 2 -H 2 O system, while comparisons of the speciation results obtained here and those from established CO 2 -NH 3 -H 2 O thermodynamic equilibrium models are described in a separate publication [14] .
In the thermodynamic modeling of the CO 2 -NH 3 -H 2 O system, a vapor-liquid equilibrium (VLE) is assumed to exist for water, ammonia, and CO 2 . The liquid phase can be described by reactions (1)- (5) . The chemical composition of aqueous ammonia solution is described by
The reactions of dissolved CO 2 in aqueous ammonia solution are given by reactions (2)- (5 
During CO 2 absorption by the aqueous NH 3 solution, reactions (1)-(5) will equilibrate according to the CO 2 concentration, pressure, and temperature; the carbon distribution in the solvent is given by the concentrations of the anions in reactions (2)-(5 . Even though the precipitation is promoted by low temperature, the high water content in the solvent reduces much of this possibility. Spectroscopy, Raman spectroscopy in particular, is well known for in situ monitoring of the chemical reactions of aqueous solutions [16, 17] . The water molecule shows only weak Raman scattering; hence Raman spectroscopy has potential advantage over IR spectroscopy [18] for aqueous phase analysis such as required for the aqueous chilled ammonia CO 2 capture solvent. The Raman band envelopes of aqueous solutions of ammonium carbonate, ammonium bicarbonate, and ammonium carbamate have been identified and analyzed [10] and form the basis for the previously reported speciation studies of the CO 2 -NH 3 -H 2 O system [11, 12] . However, evaluation of the Raman spectra in these previous studies was based on univariate, single-band analysis. The use of superior multivariate partial least-squares regression (PLS-R) [19] methods, which exploit the multivariate information in the spectra, has, to the best of our knowledge, not been reported previously. Furthermore, the method developed in the present study is not limited to laboratory applications but can also be used to monitor continuously a reactive process, which presents an opportunity for its implementation as an on-line process analytical technology (PAT) [20] in carbon capture plants for optimization and efficient operation.
Materials and Methods
The development of the Raman spectroscopy-based method for speciation of the CO 2 -NH 3 -H 2 O system is based on PLS-R analysis of a series of samples of known composition. The procedure involves (1) − ]: one set of solutions was prepared for PLS-R model calibration and a second independent set of solutions was used for validation;
(2) determination of the Raman spectrum of each sample solution;
(3) preprocessing of the Raman spectra by cropping each spectrum to cover the range 450-2300 cm −1 , with subsequent elimination of the inconsistently varying baseline from spectrum-to-spectrum and centering of each wavelength by subtraction of the mean; : -data and models in the PLS-R modeling approach [15] . The parameters that emanate from PLS-R calibration include ( loadings); ( loading weights); ( scores); ( scores); and ( loadings). and are the residuals for and , respectively.
The procedures required to achieve reliable speciation using the proposed method are described in the following sections.
Raman Spectroscopy.
The Raman phenomenon is based on quantized vibrational changes that are associated with electromagnetic radiation absorption. An important advantage of Raman spectroscopy over infrared spectroscopy is that the water molecule shows very weak Raman scattering, whereas, in infrared spectroscopy, the water molecule shows strong absorption across an important part of the infrared spectrum.
The Raman instrument used in the investigations reported in the present paper was the RXN2 portable multichannel Raman spectrometer (Kaiser Optical Systems Inc.). Four fiber optic probes can be connected and utilized through an automatic sequential scanning system that is integrated into the instrument. The specifications of the RXN2 Raman spectrometer are listed in Table 1 .
Raman spectra of aqueous solutions can be acquired using either a noncontact probe optic, whereby the sample solutions are not in direct contact with the probe optic, or an immersion probe optic, whereby the sample solution is in direct contact with the probe optic. The Raman spectra were acquired using a short-focus (200 m), sapphire window, Hastelloy immersion probe (Kaiser Optical Systems Inc.).
Partial Least-Squares Regression
Modeling. PLS-R is an empirical data-driven modeling approach that requires both representative input data ( ) and output data ( ). A detailed description of PLS-R and validation can be found in literature [15, 19, 21] . In this study PLS-R is used in combination with Raman spectroscopy. The matrix contains Raman spectra that represent different concentrations and the vector contains known reference concentrations from the sample Immersion probe optic 200 m (short focus)/Hastelloy/sapphire window preparation step. All models reported in this article are validated based on independent test data (test set validation) [21] .
The concentration range spanned by and should reflect the concentrations to be predicted. The overall aim of PLS-R is to model simultaneously the multivariate input data ( ) and the output response ( ) (Figure 1 ). PLS-R avoids many of the problems associated with the traditional multiple 4 Journal of Chemistry linear regression (MLR) and principal component regression (PCR) [15] methods. PLS-R is advantageous in cases where the matrix contains collinear data. Colinearity is in most cases unavoidable in spectroscopy, as there are significantly more variables (waveshifts) than samples (observations). When the number of variables is significantly higher than the number of samples, colinearity is guaranteed. When collinear data are used, MLR fails or becomes unstable. Although PCR can deal with colinearity, it has other issues related to the way in which the -matrix is decomposed without utilizing information on , often leading to models with a higher number of components than the PLS-R case. Another advantage of applying PLS-R is that the feature parameters that emerge from the model calibration stage, that is, scores ( ), loadings ( ), loading weights ( ), and scores ( ), can be plotted and interpreted to support the calibration procedure (see Figure 1 ).
An important aspect of PLS-R modeling is model validation [21] , which is important to determine the complexity of the model. The correct complexity of a PLS-R model is defined as the optimal number of PLS components, which can only be determined by proper validation of the model using an independent dataset that is acquired and used exclusively for this purpose. To determine the optimal number of components in a PLS-R model, a criterion based on the socalled root mean square error of prediction (RMSEP) [15] is calculated and minimized. RMSEP is based on predictions of , for example, concentrations from the validation dataset. Using several models with different numbers of components, the predictions are compared to the reference values of in the RMSEP calculation. The model that has the optimal number of components is defined as the one that ends up with the lowest RMSEP value. The RMSEP values are derived using (6):
where y predicted is the predicted value from the PLS-R model, which is compared to the reference value y reference . The sum of the squared prediction errors is divided by , which is the number of samples in the validation dataset.
Preparation of the Calibration and Validation Samples.
The ranges of concentrations, expressed in moles of each anion per kilogram of H 2 O (molality), of the calibration and validation set were predetermined to reflect the concentrations expected in samples that would in the future be subjected to the developed speciation method. [24] , and TIDES model [25] . This comparison gives an indication of expected species concentration for a given CO 2 loading and NH 3 concentration. For the demonstration of the proposed method in this study, different samples prepared using 5 wt% ammonia in the CO 2 loading range from 0 to 0.6 mol CO 2 /mol NH 3 were used and the expected species concentration reasonably falls in the calibration and validation range based on the reported work by Holmes et al. [8] . The limitation of the Raman instrument was also considered when selecting the concentration range. An overview of the sample solutions used for the calibration and validation of the PLS-R models, including the respective concentrations, can be found in Appendix.
Acquisition of Raman Spectra.
The Raman spectra were measured with the Kaiser RXN2 Raman spectrometer using a laser power of 400 mW and a total exposure time of 60 seconds with six scans of 10 seconds each being applied to achieve a good signal-to-noise ratio. To maintain a consistent temperature in the spectrometer, the instrument was stabilized for 30 minutes before each measurement series. The short-focus immersion optic was fitted onto the fiber optic probe head and cleaned with acetone. The immersion probe was then positioned vertically using a stand, with the optical window facing down. A glass container that contained the sample solution was positioned under the immersion optic, which was then carefully immersed in the solution. The tip of the optic was positioned in the center of the solution, approximately 20 mm from the bottom of the glass container. The sample and probe optic were protected from external light sources (such as fluorescent light) using aluminum foil. The Raman spectrum was obtained by initiating a scan in the instrument software. In the intervals between sample measurements, the probe was cleaned in acetone to avoid cross-contamination of sample solutions. Figure 2 presents an example of the preprocessing of the Raman spectra (calibration and validation samples for bicarbonate). During preprocessing, all the Raman spectra were cropped so as to cover the range of 450-2300 cm −1 , since wavelengths outside this range were not useful for the PLS-R analysis. Figures  2(a) and 2(b) show the bicarbonate spectra before and after cropping, respectively. In this range, the Raman spectra show an inconsistent baseline, which is particularly evident at the highest Raman shifts (above 2000 cm −1 ). Raman spectra with variable baselines often generate regression models that have a higher number of components than is necessary, since the model also needs to model the baseline drift. To ensure a less complex model, a baseline correction is performed to decrease or remove the baseline drift in each Raman spectrum. Several baseline correction methods are available [26] . Spectroscopic data from a Raman spectrometer can be decomposed into three parts: (1) the analytical signal; (2) the baseline; and (3) noise. Noise was not a problem in the present study, whereas the baseline required some attention. The goal of all the baseline correction methods is to estimate the baseline in order to remove it. The MATLAB5 2012b software (MathWorks Inc.) in combination with PLS Toolbox 7.31 (Eigenvector Research Inc.) was used to find a suitable baseline correction in the present case. The lowest RMSEP was gained using the Whittaker filtering method [27] included in PLS Toolbox 7.31, which preserves the original shape of the signal part of the Raman spectrum. The Whittaker filter was applied with the following parameters: lambda = 100 and = 0.001. The lambda parameter defines how much curvature is allowed, while the parameter holds information about asymmetry in the spectra. Figure 2(c) shows the Raman spectra of bicarbonate after baseline correction using the Whittaker filter. Finally, the spectra were centered by subtracting the mean from each variable (waveshift) in the Raman spectra. Centering [19] is applied prior to PLS-R calibration to avoid the need for an additional PLS-component to describe the mean of the data, which would entail a more complex model. Figure 2(d) shows the data after mean-centering. To summarize, the spectra were cropped to lie within the range of 450-2300 cm −1 , the baseline was corrected using the Whittaker filter with lambda value of 100 and value of 0.001, and the spectra were centered on the mean prior to calibration of the PLS-R models of the three species (carbonate, bicarbonate, and carbamate).
Preprocessing of Raman Spectra.

PLS-R Modeling of Carbonate, Bicarbonate
, and Carbamate. Individual models for carbonate, bicarbonate, and carbamate were calibrated based on the obtained Raman spectra of aqueous solutions that contained known concentrations in the ranges of 0-0.7 mol/kg, 0-0.96 mol/kg, and 0-2.56 mol/kg, respectively. Since the aim was to develop PLS-R models that could be used for speciation of a real CO 2 -NH 3 -H 2 O system, a selection of variables (waveshifts) to be included in each model was carried out. The waveshifts to be included in the model of each respective anion were chosen based on backward selection, whereby only the wavelengths related to ammonia and the other two CO 2 anion species were omitted. In the model for the prediction of carbonate, the Raman wavelengths associated with ammonia, Table 2 lists the frequencies omitted from each PLS-R anion model.
The PLS-R models for carbonate, bicarbonate, and carbamate were all based on 20 calibration spectra, in addition to the 20 independent spectra that were used exclusively for the validation. Figure 3 shows the spectra used to calibrate and validate the carbonate, bicarbonate, and carbamate prediction models.
Dissolution of carbonate in water will lead to the following equilibrium state as given in reaction (7).
However, given the detection limit of the Raman spectrometer, only the carbonate band was observed. Therefore, this reaction was neglected in the carbonate PLS-R model development. However, in the cases of bicarbonate dissolution, reaction (8) and for carbamate dissolution reactions (7)-(13) were observed.
Thus, the quantitative PLS-R models were developed according to the following steps:
( All the PLS-R models developed in the present study were developed using the Unscrambler X ver. 10.3 software. Finally, the speciation method was demonstrated based on realistic aqueous solutions that contained 5 wt% ammonia loaded with CO 2 . Since reference concentrations for carbonate, bicarbonate, and carbamate are not available for these datasets, the prediction results were assessed based on the calculated prediction uncertainties provided by Unscrambler X ver. 10.3.
Results and Discussion
The calibration and validation results for each of the respective PLS-R models for carbonate, bicarbonate, and carbamate are presented in the respective subsections below. Outliers were detected in the validation and calibration sets for carbonate using the 1 − 1 scatter plots (data not shown). An outlier may result from an air bubble sticking to the sapphire window in the tip of the probe optic or from the probe optic being inserted so far down into the solution that the measurement is influenced by the glass container.
PLS-R Validation Results for Carbonate, Bicarbonate, and
Carbamate. Figures 4-6 show the validation results for the PLS-R models of carbonate, bicarbonate, and carbamate, respectively. The results include plots of the scores ( 1 − 2 ), regression coefficients ( ), residual validation variances, and predicted concentrations versus the reference concentrations. The score plots are used to visualize how the calibration spectra compare to the validation spectra. The regression coefficients show the weight that each wavelength is assigned in the prediction. The residual validation variance plot shows the size of the residual for models with an increasing number of components. The predicted versus measured plots show how the predicted concentrations from the validation dataset in comparison with the references calculated from the sample preparation stage. Prediction performance is evaluated from an interpretation of the statistical parameters of merit, which include 2 , RMSEP, and the slope of the regression line.
For the carbonate series, one outlier, identified according to the definition provided previously [19] , was removed from the validation dataset. No outliers were detected in the calibration dataset. The outlier was not considered thereafter. Figure 4 shows selected plots from the calibration and validation of the PLS-R model for carbonate. In bicarbonate series no outliers were detected in the calibration and validation datasets. Figure 5 shows selected plots from the calibration and validation of the PLS-R model for bicarbonate. For carbamate series also no outliers were detected in the calibration or validation datasets. Figure 6 shows selected plots from the calibration and validation of the PLS-R model for carbamate.
The wavelength ranges used in the PLS-R models for the predictions of carbonate, bicarbonate, and carbamate are presented in Table 3 . Some variables (waveshifts) with regression coefficients close to zero were also included, as it was found that the prediction uncertainties were slightly improved when these wavelengths were included. The values for the slope, 2 , RMSEP, the number of PLS components, and outliers in all three models are listed in Table 3 .
Multivariate analysis has been proven to overcome many challenges in univariate method. Univariate method is simple and samples for calibration can be prepared using one chemical when there are no interferences from other constituents. There are many instances when the property of interest cannot be described by one peak. According to Table 2 , vibrational modes assigned to carbonate, bicarbonate, and carbamate fall closer to each other in the finger print area from 1000 to 1420 cm −1 . The NH 3 -CO 2 -H 2 O system consists of several equilibrium reactions and the compositions of carbonate, bicarbonate, and carbamate are influenced by the concentrations of each other. It can be seen from the calibration spectrum that there are completely visible, independent nicely shaped peak assigned to each other; however this may be not true when it comes to the real CO 2 loaded ammonia system. Two scenarios of misuse of the multivariate regression in spectroscopic applications have been explained by Esbensen et al. [28] . They are assigning individual peaks for regression which are identified by the preprocessed data or by regression coefficients. The regression coefficients are used to calculate the response value from the X-measurements. The size of the coefficients gives an indication of which variables have an important impact on the response variables. Assigning wavelengths selected during calibration development for regression must be done with caution because more than one wavelengths are associated with the functional group to some degree [28] . Many factors including scatter effect affect the wavelength position and only by using a wavelength region can the robustness of the calibration model be increased.
The score plots shown in Figures 4-6 reveal that the calibration and validation datasets in all three cases span the same score space, which indicates similarity of the datasets. The most important wavelengths are those with regression coefficients that show the largest deviation from zero. The regression coefficients listed in Figure 4 In all three models, only a small contribution is gained from wavelengths outside these ranges. The residual validation variance plot shows that one-component PLS-R is sufficient for all three models. The slope of the regression line is 0.96-1.02 and the 2 is 0.0.993-0.999, which is close to the optimal value of 1.0. 
Demonstration of the Method.
The proposed speciation method was demonstrated using aqueous solutions of 5 wt% ammonia loaded with CO 2 . Since reference concentrations of carbonate, bicarbonate, and carbamate were not available, the prediction performance level of each model was assessed based on the calculated prediction uncertainties, as defined previously [29] . The demonstration dataset was based on 14 solutions with different loadings (mole-ratio CO 2 /NH 3 ) of CO 2 , which were measured three times (42 samples in total). The solvent CO 2 loading is one of the primary process parameters in the operation of systems for the chemical absorption of CO 2 . Figure 7 shows the predicted concentrations of the measured species. The average prediction uncertainties for carbonate, bicarbonate, and carbamate were 6.45 mmol/kg H 2 O, 34.39 mmol/kg H 2 O, and 100.9 mmol/kg H 2 O, respectively. Overall, the predictions of the sample solutions with corresponding uncertainties give a satisfactory outcome regarding speciation of all the anions. The last three predictions for carbamate shown in Figure 7 (c) reveal greater uncertainties than those noted for the other predictions. This is due to either the precipitation of solids or the presence of a slightly higher concentration of ammonia in this sample. While a precipitate was not visible in this sample, the conditions were close to those for which precipitation is expected. Thus, the influence of precipitation could not be ruled out. In the accompanying report [14] , the method presented here is compared to the experimental data of the same samples with the precipitation-titration method, with good agreement. In the present study, the difference observed between the demonstration dataset and the carbamate calibration is that even though all the same species are present, the CO 2 loading differs (see reactions (12) and (13)). In the demonstration dataset, the amounts of ammonia and water are roughly constant, and the amount of CO 2 increases continuously with increasing sample number. In the demonstration dataset, the CO 2 loading is increased from 0 to 0.6. Thus, the present method can relate the CO 2 loading to the liquid carbon distribution through reactions (2)-(5).
Comparison of the Model with
Literature. Three models developed in this study have been used in the study of VLE data of chilled ammonia system [14] . This study shows the model predictability which has been compared with two thermodynamic models of Darde et al. [6] and Que and Chen [24] and experimental work carried out by Wen and Brooker [10] , Holmes et al. [8] , Zhao et al. [11] , and Ahn et al. [30] . The composition analysis performed by Zhao et al. [11] range of 0.69 mol/L to 2.10 mol/L and CO 2 concentration range from 0.18 to 0.67 mol/L. The work is related to low concentrations of ammonia. The proposed method in this study is independent of ammonia concentration and is based on three calibration sets each with 20 measurements which were followed by validation using independent data set spanning in the calibration range for each species. Zhao's method includes calculating molar scattering intensity (J) of each carbon species by preparation of series of solutions of sodium carbonate and sodium bicarbonate to calculate J of carbonate and bicarbonate while J of carbamate was calculated by carbon conservation balance. Therefore the molar scattering intensity of carbamate was dependent on those of other 2 components.
Conclusion
A method for speciation of the CO 2 -NH 3 -H 2 O system is proposed. The proposed method can be applied without the need for additional analytical calibration methods. Speciation is achieved based on a combination of Raman spectroscopy and multivariate PLS-R modeling, wherein the so-called full spectrum calibration method is applied to extract information from the entire spectrum. The concentrations of carbonate, bicarbonate, and carbamate were predicted with an average prediction error (RMSEP) as being 4.3 mmol/kg H 2 O, 24.1 mmol/kg H 2 O, and 49.9 mmol/kg H 2 O, respectively.
For the method demonstration case, which lacked reference concentrations, the prediction uncertainties for carbonate, bicarbonate, and carbamate were 6.45 mmol/kg H 2 O, 34.39 mmol/kg H 2 O, and 100.9 mmol/kg H 2 O, respectively. 
